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There is considerable long-term interest in understanding the dynamics of collaboration networks,
and how these networks form and evolve over time. Most of the work done on the dynamics of
social networks focuses on well-established communities. Work examining emerging social networks
is rarer, simply because data is difficult to obtain in real time. In this paper, we use thirty years of
data from an emerging scientific community to look at that crucial early stage in the development
of a social network. We show that when the field was very young, islands of individual researchers
labored in relative isolation, and the coauthorship network was disconnected. Thirty years later,
rather than a cluster of individuals, we find a true collaborative community, bound together by
a robust collaboration network. However, this change did not take place gradually—the network
remained a loose assortment of isolated individuals until the mid-2000s, when those smaller parts
suddenly knit themselves together into a single whole. In the rest of this paper, we consider the
role of three factors in these observed structural changes: growth, changes in social norms, and the
introduction of institutions such as field-specific conferences and journals. We have data from the
very earliest years of the field, a period which includes the introduction of two different institutions:
the first field-specific conference, and the first field-specific journals. We also identify two relevant
behavioral shifts: a discrete increase in coauthorship coincident with the first conference, and a shift
among established authors away from collaborating with outsiders, towards collaborating with each
other. The interaction of these factors gives us insight into the formation of collaboration networks
more broadly.
I. INTRODUCTION
There is considerable interest in understanding the
dynamics of coauthorship networks—in particular, how
changes in the culture and institutions of a field affect
the nature of its research community. This is important,
because there is evidence suggesting that the structure
of knowledge mirrors the social structure of the commu-
nity producing that knowledge1. Moreover, coauthorship
connections are one part of a collaborative system which
facilitates (or impedes) the spread of information. Thus,
the progress of a field of research will be shaped by the
patterns of collaboration within it. Indeed, administra-
tive and funding agencies have spent considerable money
and effort attempting to change existing patterns of col-
laboration to improve researcher productivity and partic-
ipation in science (e.g. the National Science Foundation
programs to build community).
Coauthorship networks as a static entity have been
studied extensively2–6. The dynamics of coauthorship
networks have also been explored in a range of aca-
demic fields, including mathematics (1940-19997), so-
ciology (1969-19998), biotech (1988-19999), economics
(1970-200010), network science (1998-200611), and astro-
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physics (1998-1999, 2001-200612). Unfortunately, due to
data constraints, these studies have largely focused on
the dynamics of relatively established academic commu-
nities. In this paper, we use thirty years of bibliometric
data from physics education research (PER) to look at
how the structure of the coauthorship network evolves
during the crucial early stages in the development of
an academic community. Since 1981, the field of PER
has grown dramatically, from a handful of researchers,
to hundreds of authors publishing over 150 articles per
year. During this same period, the collaborative com-
munity also changed, evolving from islands of individual
researchers laboring in relative isolation, into a true col-
laborative community, bound together by a robust col-
laboration network. However, that change did not take
place gradually: it happened suddenly and dramatically
in the mid-2000s.
This prompts a question: what is the source of the
changes we see in this emerging community? During this
period, two different institutions are introduced: the first
field-specific conference, and the first field-specific jour-
nals. We also identify two relevant behavioral shifts: a
discrete increase in coauthorship coincident with the first
conference, and a shift among established authors away
from collaborating with outsiders, towards collaborating
with each other. The interaction of these factors gives
us insight into the formation of collaboration networks
more broadly.
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2II. NETWORK TERMINOLOGY
For those unfamiliar with network terminology, it is
valuable to define a variety of terms that we will use
below. A network, g, consists of nodes (represented by
circles) and links (represented by lines). Nodes are gen-
erally agents of some kind; in this case, they are authors
in the field of PER. A link between nodes A and B indi-
cates a relationship between the two agents; in this case,
authors i and j are connected if they have coauthored
a paper together. Each link has a weight, wij , repre-
senting the strength of the relationship. In this case, we
will weight links by the number of papers two authors
have written together. The network at large consists of
a number of connected components: sets of nodes that
can all be accessed by traveling across links in the net-
work. The largest of the components is called the largest
connected component (LCC) The degree of node i, di, is
the number of direct connections she has. In the case of
a collaboration network, an author’s degree is the num-
ber of coauthors she has. A node’s centrality represents
how important the node is in the collaboration network.
There are many types of network centrality, which are
interpreted differently. Degree centrality is the simplest,
representing the node’s degree in the network, normal-
ized by the maximum possible degree: di(N−1) , where N
is the number of nodes in the network. Eigenvector cen-
trality, on the other hand, reflects the fact that nodes
connected to important nodes are likely more important
themselves. It is called eigenvector centrality because if
we represent the network as a matrix, A, where Aij = 1 if
i and j are connected, and 0 otherwise, then the eigenvec-
tor centrality of node i is the ith entry of the normalized
eigenvector associated with the largest eigenvalue of A.
Eigenvector centrality may be different than degree cen-
trality because an author connected to a few giants in the
field will be more important than an author connected to
a large number of unknown authors.
III. DATA SELECTION
In this paper, we look at PER publications written be-
tween 1981 and 2010. This time period is particularly
valuable, because it encompasses most of the early his-
tory of the field, including the introduction of several
milestone institutions. It is also a period of dramatic
growth and change in the community, making it an ideal
window into the early life of the field. Arguably, PER has
roots in the broader science education community, with
intellectual parents in Dewey13 and Arons14,15. However,
in the US, PER has only been housed in departments of
physics since the mid-1970s, and the research community
took on an identity of its own substantially after 1980.
Thus, starting our data collection in 1981 reasonably cap-
tures the development of the field.
Our data come from three journals: The American
Journal of Physics (AJP), the Physics Education Re-
search Conference Proceedings (PERC Proceedings), and
Physical Review Special Topics—Physics Education Re-
search (PhysRev-PER). Our data collection ended be-
fore the journal changed to its present name, Physical
Review—Physics Education Research. These are the
three most-common peer-reviewed outlets for PER in the
US. While PER authors publish in other journals, and
PER community members commonly read and cite arti-
cles from other sources, each of those other sources pub-
lishes fewer PER articles per year and is read by a much
broader audience than these three. It’s difficult to esti-
mate how many other papers are written or read by PER
community members because the tail on the publication
venue distribution is very long. However, papers from
these three journals comprise about half of all papers on
PERticles, a community-supported reference aggregation
group, aimed at recent papers of interest to PER readers.
The full PERticles database is less relevant to our needs,
because 1) it is not a complete listing of PER articles
and 2) it predominately chronicles recent papers. Given
that our interest is in early-stage development, we have
chosen to use the full records of the top three journals
instead.
For each journal, we use the bibliographic informa-
tion for all relevant articles. In the PERC Proceed-
ings and PhysRev-PER, we assume that all content is
PER-related. In AJP, where much of the content is of
more general physics interest, articles are hand-coded by
a member of the field (Steve Kanim) to identify PER pa-
pers. This gives us a data set of 1114 PER papers: 276
in AJP, 481 in PERC Proceedings, and 226 in PhysRev-
PER.
Author names were reduced to first, middle initial, last
and then hand-disambiguated by a member of the field
(Eleanor C Sayre). Authors who changed their names
during the relevant time period were listed under their
most recent name; no two authors in this time period had
the same names as each other.
One advantage of using early-stage data is that this pe-
riod includes several important field-specific milestones.
Figure 2 shows a timeline, including the PER workshop
in 1997 (a precursor to the Physics Education Research
Conference (PERC) introduced in 1998), the PERC Pro-
ceedings in 2001, and PhysRev-PER in 2005. This pe-
riod also includes the appearance of several PER-specific
graduate programs, and the growth of National Science
Foundation funding for PER.
IV. NETWORK SIZE
Over this time period, there are a total of 760 unique
authors. Two authors have been active in our data set
over the entire 30 year period. Authors publish an aver-
age one paper per year. However, not all authors produce
the same number of papers. Figure 3 shows a log-log plot
of the distribution of papers across authors. This distri-
bution is quite skewed, meaning that a small number of
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FIG. 1. Degree distribution for the PER network on a log-
log plot: 1981-2010. Degree on the coauthorship network is
the number of coauthors an author has. A small number of
authors publish with a large fraction of the field, while most
authors publish with very few.
authors publish a disproportionate number of papers—
the most prolific 20% of authors in the field have written
over 65% of the papers. A similar pattern can be seen in
many other academic fields3,7,8.
A. Coauthorship behavior
The coauthorship network for PER is much as one
would expect for a field of academic research. In
PER, as in many academic areas, there is wide varia-
tion in coauthorship behavior among authors. A hand-
ful of researchers have a large number of coauthors,
while most researchers have very few. The average re-
searcher has 4.1 coauthors, but three authors (0.3%)
have more than 30 coauthors, 12 authors (1.2%) have
more than 20 coauthors, and 60 authors (6.3%) have
more than 10 coauthors. (see Figure 1). A similar
pattern can be seen in many other academic fields, in-
cluding physics3,5, biology3,5,9, math7, neuroscience16
economics10, sociology8, and business17.
B. Central members
In addition to the number of papers for each person,
both degree centrality and eigenvector centrality have
been proposed as measures of prominence in a commu-
nity. Table I lists the top 5 authors in the community
according to number of papers, number of coauthors, and
eigenvector centrality.
Recent work has suggested that eigenvector centrality
may be a better measure of prominence in a community
than degree. In particular, there is some indication that
individuals with high eigenvector centrality are more in-
fluential when it comes to disseminating information18.
In the context of academic production, one might also ar-
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FIG. 2. The number of PER authors, and the number of
PER papers. Papers are broken down by journal. Important
events in the field are highlighted.
gue that degree does not capture the relationship between
advisors and their graduate students: authors who pri-
marily coauthor with graduate students who then leave
the field are less prominent than authors who mentor
successful graduate students, and those who work with
other giants in the field. In Figure 4, the nodes are sized
by the number of coauthors and colored by eigenvector
centrality. The nodes with the highest eigenvector cen-
trality are not, generally speaking, the nodes with the
highest degree.
Interestingly, the top members of the eigenvector cen-
trality group are all senior or former members of the Uni-
versity of Colorado at Boulder (PER@C) group, while the
top members of the number of coauthors and number of
publications groups come from a much wider distribu-
tion of research groups. The high eigenvector centrality
of faculty at the University of Colorado researchers is par-
tially attributable to their graduate students and post-
docs: alumni from this program are unusually successful
as they proceed in their careers. This lends credence to
the idea that the difference between eigenvector central-
ity and degree centrality reflects differences in the success
of advisors in producing quality graduate students and
postdocs.
V. COMMUNITY GROWTH
As can be seen in Figure 2, the field of PER has grown
dramatically in the past 30 years, with most of that
growth in our data set occurring in the last ten years.
Initially, the number of papers grows slowly but in the
early 2000s, it explodes. The growth in the number of au-
thors is very similar, indicating that there is a growth in
the overall size of the field, rather than simply an increase
in the average number of papers written per person.
4number of publications number of coauthors eigenvector centrality
Noah D. Finkelstein 69 Sanjay Rebello 39 K.K. Perkins .47
Chandralekha Singh 65 Noah D. Finkelstein 32 Noah D. Finkelstein .44
Sanjay Rebello 54 Lei Bao 31 S.J. Pollock .43
Charles Henderson 41 K.K. Perkins 28 Wendy K. Adams .26
S.J. Pollock 40 Robert Beichner 22 Carl E. Wieman .25
TABLE I. Top authors by 1) number of papers published 2) number of coauthors (degree in the coauthorship network) 3)
coauthor prominance (eigenvector centrality in the coauthorship network)
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FIG. 3. Distribution of paper publication on a log-log scale:
1981-2010. A small number of authors produce a dispropor-
tionate fraction of papers written in the field.
In addition to the overall growth, this period also sees
a dramatic change in the pattern of collaborative interac-
tions within the field, as tracked through the coauthor-
ship network. Figure 4 shows a representation of the
LCC of the PER coauthorship network, aggregated over
the entire time period.
A. The emergence of a community
This aggregate picture of the community is largely in
line with what we see in other scientific fields. However,
one of the more interesting aspects of these data is the
opportunity to look at the development of the community
over time, particularly as it moves from the very earliest
stages into a more mature community. In several ways,
the evolution of this network is similar to that seen in
longitudinal studies of mature fields. But we also observe
several features that appear to be unique to early-stage
collaborative communities.
Figure 5 shows a network visualization of the PER
community over three different time periods: the 1980s,
1990s, and 2000s. These networks illustrate how the
shape of the PER community has changed over the last
30 years. During the 1980s, the authors in the field la-
bored more or less independently. This was also true
through the 1990s. But in the early-to-late 2000s, the
network consolidates into a single community with a co-
hesive core.
field frac in LCC
biomedical (1995-1999) 93%
astrophysics (1995-1999) 89%
condensed matter physics (1995-1999) 85%
high-energy theory (1995-1999) 71%
management (1980-2003) 45%
sociology (1963-1999) 53%
PER (80s and 90s) 12%
PER (2000s) 68%
TABLE II. The fraction of researchers in the largest connected
component in various established research communities, com-
pared with PER.
We can see this consolidation of the community by
looking at the number of people in the LCC. In most of
the mature research communities that have been studied,
the largest connected component contains well over half
of the researchers, ranging from 57% in computer science
to 93% in the biomedical fields (see Table II for a list of
established results19.) We can think of the nodes in the
LCC as the core of the community, and when that core
community contains a large fraction of the researchers
in the field, the community hangs together as a single,
cohesive unit.
In contrast, the LCC in the early-stage PER network—
formed using papers from the 80s and 90s—contains only
12% of the researchers writing PER papers. This sug-
gests that in those early years, PER was not a cohesive
collaborative community, such as those seen in more es-
tablished fields. However, the later-stage network does
exhibit a cohesive core: the LCC in the network con-
structed using papers from the 2000s contains 68% of
the researchers in the community.
Interestingly, the transition to a cohesive community
does not occur gradually. There is a clear point at which
the largest connected component starts to dominate the
network. Figure 6 shows the fraction of the PER com-
munity that is in the largest connected component, using
networks generated from papers within a five-year mov-
ing window. For any date, a five-year moving window
starts two years prior, and ends two years after. Thus,
the size of the LCC in 1995 is calculated by averaging the
sizes in 1993-1997. We use five-year windows because the
earliest networks are generated by a very small set of pa-
pers. The results are similar for different window sizes.
In 2004-2005, we see a discrete jump in the fraction of
5FIG. 4. The largest connected component of the PER coauthorship network (1981-2010). The color represents degree and the
size represents eigenvector centrality.
nodes that are connected, marking the transition from
isolated islands of researchers to a cohesive core. We will
examine this jump further below.
B. More collaborative effort
Over time, PER has become an increasingly collabo-
rative field. In the early 1980s, around half of the papers
in the field had a single author. By 2010, only a quar-
ter were solo-authored. Many fields have seen a similar
increase in collaboration over time. In the field of so-
ciology, for example, the average fraction of coauthored
papers rose from ˜20% in 1963 to ˜40% in 19998. Similar
long-term trends have been observed in other established
fields, such as information science20, mathematics7, and
sociology8. However, whereas other fields have experi-
enced a slow, steady increase in coauthorship rates, the
change in PER did not come about gradually. Rather,
there was a discrete change in collaborative behavior in
1997-1998. Figure 7 shows the time series of the fraction
of papers coauthored, with mean values before and after
1997. Before 1997, 53% of papers were coauthored. Af-
ter 1997, the propensity to collaborate jumped to nearly
80%.
Using a log odds ratio, we can show that this dis-
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FIG. 5. The shape of the collaboration network in the 1980s,
1990s, and 2000s.
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FIG. 6. The fraction of nodes in the largest connected compo-
nent of the network. The emergence of a cohesive core occurs
in the period from 2004-2005.
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FIG. 7. The fraction of papers with multiple authors. The
fraction of papers coauthored exhibits a discrete jump in 1997.
The dotted lines indicate the average rate of coauthorship
before and after this break.
crete change in the propensity to collaborate is signifi-
cant, persistent, and unique. Here, we look at the data
from AJP alone, so as to keep the venue for publication
consistent throughout. The change at this breakpoint
is still significant when all three journals are included.
We compare the odds of coauthoring a paper in the 4
years before and after each year. Suppose a1 and b1 are
the number of coauthored and single-authored papers in
the four years prior to a given year, and a2 and b2 are
the number of coauthored and single-authored papers in
the four years after that given year. The log odds ra-
tio is then y = (log(a2)− log(b2)) − (log(a1)− log(b1))
Figure 8 shows the change in the log odds ratio over
time, with a 95% confidence interval. The 95% con-
fidence interval for the point estimate of the log odds
ratio is ln(y) ± 1.96 ∗ ste(ln(y)), where ste(ln(y)) =√
1
a1
+ 1b1 +
1
a2
+ 1b2 .
A log odds ratio above 0 means that papers are more
likely to be coauthored in the four years after the break
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FIG. 8. The change in the log odds of a paper in AJP being
coauthored in the four years before and after a given point.
Grey lines indicate the 95% confidence interval on the point
estimate of the log odds ratio. A log odds ratio above 0 indi-
cates a persistent increase in the odds of a paper being coau-
thored. This occurs in only one time period for this journal:
1997.
than they are in the four years before the break; in 1997
the 95% confidence interval excludes 0 and is statistically
significant. Note that while the choice of a 4 year win-
dow is arbitrary, the break in 1997 remains significant for
other window-sizes. Because the change has to continue
through the post-break window, the positive log odds ra-
tio necessarily indicates a persistent change in the prob-
ability of coauthoring a paper. Moreover, this period of
dramatically increased collaboration is relatively unique
in the post-1981 history of PER.
There is only one other significantly positive log odds
ratio, in 2005. This break point occurs a few years after
the introduction of the PERC Proceedings and it is coin-
cident with the introduction of the PhysRev-PER jour-
nal. The first few years of both PERC Proceedings and
PhysRev-PER were unusually collaborative, which un-
doubtedly generates the significant break point in 2005.
However, in contrast with the break point in 1997, this
appears to be a temporary effect.
The intensive margin—the number of coauthors per
paper—provides some additional insight into the mech-
anisms behind the observed increase in collaboration.
This measure of collaborative effort has also risen in a
wide range of other academic fields, including physics22,
mathematics2, sociology8, management science17, and
economics10. Looking at the overall number of coauthors
per paper, there initially appears to be a similar, though
less dramatic trend in PER: the number of authors per
paper rises from 2.2 in the 80s and 90s to 2.5 in the 2000s.
However, when we condition on a paper being coauthored
at all, the trend disappears: the average coauthored pa-
per had 3.0 authors in the 80s and 90s and 2.9 authors
in the 00s. This suggests that in the case of PER, the
change in behavior was regarding whether to coauthor or
not, rather than in the number of authors to bring onto
a project.
This raises the question of where this sudden move to-
wards collaboration came from. It is worth noting that
1997 is coincident with the introduction of a field-specific
conference—PERC—which developed from grass-roots
efforts at Kansas State University, the University of
Nebraska-Lincoln, and the University of Maryland, and
was later fully recognized as an extension to the summer
meeting of the American Association of Physics Teach-
ers. PERC attendance grew to approximately 300 annual
registrants by the end of our data collection period. At
this conference, researchers—including graduate students
and incumbents—could meet and foster new collabora-
tive relationships. Without information on conference
attendance, it is impossible to tell whether the introduc-
tion of the conference facilitated this increase in collab-
orative effort. However, the fact that collaboration has
been higher in the PERC-era suggests that the conference
may have been a factor.
Another possible contributing factor is the increased
use of email during this period, which lowered the costs of
remote collaboration, perhaps prompting increased prob-
ability of coauthorship. The field used email and other
internet communications to foster specific collaborations
as well as develop online communities such as the grad-
uate students’ mailing list (then “Graduate Students in
Physics Education” (GSPER), now “PER Consortium
of Graduate Students” (PERCoGS)). Technological ad-
vances in the collection and distribution of raw data (sur-
vey responses, video files) also made it easier to collect,
share, and analyze data among geographically-distant
collaborators. However, if these technological factors
were truly dominant, we would expect to see a similar
discrete jump in coauthorship in other fields over roughly
the same time period—especially in other early-adopter
fields such as high-energy physics. The fact that we do
not suggests that increased internet use is unlikely to be
the dominant source of the observed change.
C. Increasing prevalence of within-group links
In addition to an increase in the propensity to col-
laborate, we also see a change in the pattern of collab-
oration. Over the 30 years covered by the data, PER
researchers shift from working with researchers from out-
side the community to researchers who are already active
in the field. Figure 9 shows the fraction of coauthorship
ties that are between authors who have already published
in a PER journal, the fraction that are between new au-
thors, and the fraction that include both a new author
and an incumbent author. Early on, existing members of
the PER community tend to work with researchers new
to the field. This trend persists for a surprisingly long
time: 15 years into the observed data, fewer than 10%
of the coauthorship links are between researchers who
are already established in the field. But as the commu-
nity ages, established community members begin to work
with other established community members. By the late
2000s, about half of the links are between researchers who
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FIG. 9. Fraction of PER coauthor relationships that are be-
tween existing members of the field (bottom, blue), between
new members of the field (middle, dark green), and between
existing and new members (top, pale green).
are already active in the field.
Of course, this trend need not be due to a true shift
in linking behavior, because as the field matures, there
are an increasing number of incumbents, which provides
more ample opportunities for interaction between them.
We can account for the aging of the community by com-
paring the fraction of links that are between incumbent
authors to the fraction that would be expected if links
between those authors were made at random. This is il-
lustrated in Figure 10. In the early years of the field, re-
searchers were actually less likely to coauthor with estab-
lished PER researchers than would be expected. But in
the mid-to-late 90s, we see a reversal in that trend, as es-
tablished researchers become increasingly likely to coau-
thor. By mid-to-late 2000s, established researchers have
shifted towards disproportionately collaborating with re-
searchers who are established in the field.
While the increase in collaborative propensity is a
trend found in many different fields, this shift towards
within-group collaboration has not, to our knowledge,
been previously observed in other academic contexts.
There are many overlapping factors which could con-
tribute to the observed changes in coauthorship behavior.
It seems likely that it is a trend unique to early-stage aca-
demic communities. Before the field becomes established
as a cohesive community, established researchers coau-
thor with a rotating cast of colleagues new to the field,
most of whom never write another paper in that area.
As the field develops and grows, more researchers are
able to specialize in that area, allowing for an increase in
coauthorship between established members of the field.
The appearance of field-specific graduate programs is
also a likely factor. Graduate students provide an impor-
tant link between established researchers, because they
maintain connections with their old institutions while
establishing connections at new institutions. This ge-
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FIG. 10. The fraction of coauthorships that occur between
members of the community (blue), compared with the number
that would be expected if linking behavior were random (red).
ographic movement provides an opportunity for estab-
lished authors to work with each other over time, even
when they are no longer at the same institutions. In
the 1990s, graduate programs in PER expanded even as
graduate programs in physics as a whole saw declines
in admissions23. In the network, these authors appear
as bridges between multiple research groups, with many
links to multiple researchers at two different institutions
which otherwise do not have strong direct links among
them. Notable cases of inter-institutional links include
David Brookes and Elizabeth Gire. Other established
researchers are only strongly linked to one group. As the
field grows there are also likely to be more opportunities
for researchers to take sabbaticals in distant locations, in-
creasing extra-institutional and international links within
the community. Researchers may also form remote col-
laborations based on mutual interests, as in the cases
of Melissa Dancy and Charles Henderson or Eric Brewe
and Rachel Scherr, even if their home institutions always
geographically distant.
VI. DISCUSSION
The changes we see in Figure 5 and Figure 6 were sud-
den and dramatic. The transition from individual re-
searchers to an interconnected whole is a clear indication
of the emergence of a collaborative community, and thus
it is natural to ask which factors may have contributed
to that change. In this section, we consider the roles
of growth, increased collaboration, and increased within-
group collaboration in the development of the commu-
nity.
The first, and simplest explanation for the consolida-
9tion of the network is growth: as more papers are written,
there are more opportunities for coauthorship. However,
this explanation does not fit the data. We modeled ex-
pected network density to test this explanation.
Assuming that linking decisions are random (thus elim-
inating factors related to linking behavior), the expected
density of the network at time t is approximately
expected number connections
total connections possible
=
Np (pc)
Np (Np − 1) (1)
where Np is the number of authors and pc is the prob-
ability that a paper is co-authored. This approximation
assumes that all papers that are co-authored are written
by two authors or solo-authored. This is a reasonable
approximation for our data, because the median paper is
written by between one and two individuals, depending
on the year.
If growth in the number of papers were the sole factor
in the emergence of the cohesive core, then pc would be
constant, and density would decrease over time, which
would actually inhibit the formation of a large connected
component that dominates the graph. Thus, growth
alone cannot explain the emergence of a cohesive core.
A second possibility is that this increased cohesion is
a result of one of the observed changes in linking behav-
ior: either the increase in the number of authors per pa-
per, or the shift toward within-group coauthorship. The
increase in coauthorship rates seen in Figures 7 and 8
means more links, which would provide more opportuni-
ties for isolated parts of the network to come together.
Another possibility is that the consolidation of the
community is a result of not the overall amount of collab-
oration, but rather the choice of who to collaborate with:
i.e. the trend towards existing members of the commu-
nity authoring papers together. Isolated groups of exist-
ing authors could be bound together by “long distance”
links between existing community members, which would
lead to the emergence of the cohesive core.
It is also worth noting that many of the behavior
and structural changes we observe are coincident with
changes in the institutional structures in the community.
The uptick in collaboration occurs around the same time
as the “interval day” meeting in 1996, a precursor to
the PERC. Moreover, this is coincident with the intro-
duction of the graduate student mailing list (originally
GSPER, now PERCoGS), which undoubtedly increased
inter-departmental communication, and thus community
cohesion.
This period also saw increases to PER-specific funding
at the National Science Foundation, increasing both the
opportunities for newcomers and the possible projects
for them to work on. Concurrently, an explosion of
research-based teaching methods24 and research-based
assessments25 allowed many faculty access to products
of PER, opening possibilities for future research and col-
laboration.
VII. CONCLUSION
The case of PER provides a useful look at the early
stages in the development of an academic community.
The community grows, and with that growth comes an
increased propensity to collaborate and an increased re-
liance on collaboration within the community. The intro-
duction of field-specific conference also provided a valu-
able forum for researchers to develop a sense of commu-
nity and shared purpose. The result is the emergence of
a new, cohesive core to the coauthorship network—a true
academic community.
The interactions between field growth, behavioral
change, and structural change are complex, and it is im-
possible to completely tease out the effects of each factor.
It is likely their effects interact strongly with each other,
forming feedback loops to increase the strength and in-
terconnections within the community.
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